Motion artifacts are often a significant component of the measured signal in functional near-infrared spectroscopy (fNIRS) experiments. A variety of methods have been proposed to address this issue, including principal component analyses (PCA), Kalman filtering, correlationbased signal improvement (CBSI), wavelet filtering, spline interpolation, and autoregressive algorithms. The efficacy of these techniques has been compared using simulated data; however, our understanding of how these techniques fare when dealing with task-based cognitive data is limited. Recently, Brigadoi et al. (2014) quantitatively compared 6 motion correction techniques in a sample of adult data measured during a simple cognitive task. Wavelet filtering showed the most promise as an optimal technique for motion correction. Because fNIRS is often used with infants and young children, it is critical to evaluate the effectiveness of motion correction techniques directly with data from these age groups. Here we examined which techniques are most effective with data from young children. The efficacy of each technique was compared quantitatively using objective metrics related to the physiological properties of the hemodynamic response using two different sets of parameters to ensure maximum retention of included trials.
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. Example of the recovered HRF for all five techniques at the group level (3-year-old group) for a selected channel for both HbO (solid lines) 
INTRODUCTION
Functional near-infrared spectroscopy (fNIRS) measures the absorption and scattering of photons as near-infrared light passes through brain tissue, allowing measurement of changes in localized hemodynamic responses in the cortex. fNIRS has been widely used to investigate the neural processes that underlie multiple cognitive abilities across development and is becoming a tool of choice when studying challenging populations including infants, young children, and clinical patients who cannot be easily studied with fMRI . Despite recent advances in methodological and analytical tools for use with NIRS data, questions remain regarding the optimal method for removing motion artifacts from the measured signal.
Motion artifacts are often a significant component of the measured fNIRS signal. This is due to the fact that every head movement causes transit displacements of the source/detector optodes on the scalp that are reflected in the time-series. These artifacts are highly variable and often complex. They can be generally classified as spikes, baseline shifts, and low-frequency variations (Brigadoi et al., 2014) . They appear as isolated, high amplitude events (spikes) or pervasive low-frequency events that are temporally correlated with the hemodynamic response function (HRF) and therefore hard to detect and correct for. To estimate the true HRF, however, it is crucial that motion artifacts are detected and removed.
A variety of methods have been proposed to address this issue. Some include the addition of complementary measurements such as short-separation channels (Robertson et al., 2010; Gagnon et al, 2014) . These methods provide a direct measure of the artifacts making it possible to regress these artifacts from the measured signal of interest. Other approaches take into consideration spatial and/or temporal features of the measured signal and serve as postprocessing techniques. Among these approaches are principal component analyses (PCA) (Zhang et al., 2005) , Kalman filtering (Izzetoglu et al., 2010) , correlation-based signal improvement (CBSI) (Cui et al., 2010) , wavelet filtering (Molavi & Dumont, 2012) , spline interpolation (Scholkmann et al., 2010) , and autoregressive algorithms (Barker et al., 2013) .
Several papers have explored the efficacy of different motion correction techniques for fNIRS data. Comparison of the techniques has shown that the most effective methods for motion correction are wavelet filtering, spline interpolation, and targeted PCA (tPCA; Yücel et al., 2014) . However, the complexity of motion artifacts makes it likely that the efficacy of motion correction techniques is data-dependent (Brigadoi et al., 2014) . Moreover, our understanding of how these techniques fare when dealing with task-based cognitive data is limited. Recently, Brigadoi et al. (2014) quantitatively compared 6 motion correction techniques in a sample of adult data measured during a simple cognitive task. They concluded that wavelet filtering showed the most promise as an optimal technique for motion correction.
In the present study, we compared the performance of multiple motion correction techniques using cognitive data measured with young children. Children are much more likely to move during data collection, resulting in far noisier data than data from adult participants.
Because fNIRS is often used with infants and young children, it is critical to evaluate the effectiveness of motion correction techniques directly with data from these age groups. Thus, we investigated whether the conclusions reached by Brigadoi et al. (2014) extend to data from children. To address this question, we compared Spline interpolation, PCA, tPCA, Wavelet filtering, and CBSI on data acquired during a change detection paradigm with 3-and 4-year-old children.
METHODS

Participants
11 3.5-year-olds (M= 3.5, SD=0.06) and 14 4.5-year-olds (M= 4.51, SD=0.08) participated in the study, after parents provided informed consent. Children were recruited from a participant registry maintained by the Department of Psychology. Parents were sent a letter inviting them to participate and then received a follow-up phone call. All children had normal or corrected-to-normal vision.
Materials
Each participant was seated in front of a 46-inch LCD television that was connected to a PC running E-Prime (Psychology Software Tools, Pittsburgh, PA). The paradigm consisted of a change detection task (Simmering, 2012) . In this task, participants are presented with a sample array of 1 to 3 colored squares, there is a brief delay, and then a test array appears in which either all of the objects match the memory array, or the feature (i.e., color) of one object is changed to a new value. The test display remained on the screen until children provided a verbal response (i.e., 'same' or 'different') that the experimenter entered using a keyboard. The inter-trial interval was jittered at 1, 2, or 4 s selected in a 2:1:1 ratio. There were six conditions: children were asked to remember 1, 2, or 3 items (set sizes 1-3) and the trials either contained a change or did not (same, different). Participants came in for two sessions and completed 24 trials per condition.
fNIRS data
fNIRS data were collected at 50Hz using a TechEn CW6 system with 690nm and 830nm wavelengths. Near-infrared light was delivered via 12 fiber optic cables (sources) to the participant's scalp and detected by 24 fiber optic cables (detectors) spaced into four arrays. Each array contained three sources and six detectors placed over the frontal, temporal, and parietal cortex bilaterally to tap target regions of interest (see Wijeakumar et al., 2015 for details on the probe geometry). Thus, our data set included a total of 36 channels. Figure 1 shows the probe geometry. Figure 1 . Two views of the probe geometry. Red circles depict sources and blue circles depict detectors while yellow lines represent the channels.
Motion correction techniques
Spline interpolation
This method is a channel-by-channel approach based on Scholkmann et al. (2010) . It acts on motion artifacts that have been previously detected; therefore, it is dependent upon having a good motion detection algorithm. Artifacts are modeled using cubic spline interpolation, which is then subtracted from the original time-series to correct for motion artifacts. The time-series is then reconstructed and normalized by shifting the corrected segments by a value given by the combination of the mean value of the segment and the mean value of the previous segment to ensure a continuous signal. For a more detailed description see Scholkmann et al. (2010) . The interpolation depends on a parameter, which determines the degree of the spline function. In this study, the parameter was set to 0.99 to be consistent with Scholkmann et al. (2010) , Cooper et al. (2012) , and Brigadoi et al. (2014) .
Principal Component Analysis (PCA)
This method applies an orthogonal transformation to decompose the original signal into uncorrelated components based on the amount of variance accounted for by each component.
The first components account for the largest proportion of variance and are assumed to represent the motion artifacts as these epochs are characterized by large changes in amplitude and great variability. Therefore, removing the first components should correct for motion artifacts (Zhang et al., 2005) .
The performance of this technique is highly dependent on both the number of measurements available and the number of components removed. Cooper et al. (2012) suggested that PCA performs optimally when removing 97% of the total variance; thus, we used this value.
We also employed a targeted Principal Component Analysis (tPCA) , which applies a similar PCA filter but only on segments previously identified as motion artifact. The corrected motions epochs are then reintroduced to the time series by shifting the corrected segments by a value given by the combination of the mean value of the segment and the mean value of the previous segment to ensure a continuous signal, identical to the procedure employed in the Spline interpolation correction method. This procedure was repeated five times to identify and correct any residual artifacts.
Wavelet filtering
This method is a channel-by-channel approach proposed by Molavi and Dumont (2012) .
It is designed to detect abrupt changes in the signal (spikes) as it relies on the differences in amplitude and duration between motion artifacts and the measured signal of interest (Molavi & Dumont, 2012) . As a first step, the signal is expanded using a discrete wavelet transform after which motion artifacts appear as isolated large coefficients. The goal is to remove those coefficients that are not likely to be an outcome of the distribution of wavelet coefficients.
The measured signal is assumed to be a sum of the physiological signal of interest and an interference term. The distribution of wavelet coefficients is a mixture of Gaussians (Antoniadis et al 2001; Chipman et al 1997) . Within this method, the wavelet distribution is assumed to have a single Gaussian probability distribution. Since the hemodynamic signal and motion artifacts differ in timing and amplitude, with the first being a slow and smooth signal, most wavelet coefficients of the signal of interest center around zero while motion artifacts behave like outliers. Therefore, for any given coefficient, if the probability of having an amplitude larger than the coefficient is less than α, that coefficient is assumed to not belong in the original signal and must be a reflection of artifacts that should be removed. α was set to .1 in this experiment as in Brigadoi et al. (2014) , Cooper et al. (2012) , and Molavi and Dumont (2012) . Outlier terms were removed by setting them to zero preceding the reconstruction of the artifact-free signal by using the inverse discrete wavelet transform.
Correlation-based signal improvement (CBSI)
This method is a channel-by-channel approach developed by Cui et al. (2010) . It reduces motion artifacts caused by head movements. The main assumption is that HbO and HbR should be strongly negatively correlated during functional activation and become more positively correlated during motion. Furthermore, the ratio between HbO and HbR is assumed to be the same with and without the presence of motion artifacts. Within this method, the measured signal is assumed to have three components: the true signal of interest, motion-induced noise, and other white noise (Cui et al. 2010) . Since the white noise component can be easily removed with filters, the purpose then is to compute the true HbO and HbR signal. To do so, two assumptions must be met: first, the correlation between HbO and HbR should be close to -1 and the correlation between the motion artifact and HbO should be close to 0. Solving the following equations should then produce the true signal of interest:
where std(x) is the standard deviation of x.
Data Processing
The NIRS data were processed using HomER2 (Huppert et al., 2009 ) based in MATLAB (Mathworks, MA USA). Raw optical signals were first converted to optical density. Channels with very low optical density (<80dB) were discarded from the analysis. Incorrect trials were also discarded from further analysis. Table 1 shows how many trials were included in the analysis for each participant and each condition. The mean number of trials per participant and condition was quite high, giving us confidence in the ability to detect differences between the motion processing algorithms.
Motion artifacts were identified in the optical density (OD) time-series using the motion detection algorithm, hmrMotionArtifact. Signal changes with amplitude (AmpThresh) greater than 0.4au and exceeding a threshold of 50 in change of standard deviation (StDevThresh) within 1s were identified as motion artifacts (tMotion). Artifacts were masked for an additional 1s after the motion epochs (tMask). Periods masked as motion artifacts on a given channel were identified on all channels. A channel specific approach, hmrMotionArtifactByChannel, was used for the spline interpolation technique. This algorithm works the same way but on a channel-bychannel basis.
After motion was identified, 5 processing approaches (Spline, PCA, tPCA, Wavelet, CBSI) were applied. Four of these techniques applied the correction on the OD data, after which a second pass of motion detection was applied to remove trials with remaining motion artifacts.
Data were then band-pass filtered (0.016-0.5 Hz) and the concentrations of oxygenated hemoglobin (HbO), deoxygenated hemoglobin (HbR), and total hemoglobin (HbT) were computed using the modified Beer-Lambert Law (Cope and Delpy, 1988; Delpy et al., 1988) . As a final step, the data were block-averaged to recover the mean hemodynamic response by condition. This yielded six mean HRFs for HbO and HbR for each channel and participant.
The fifth correction technique, CBSI, applies the motion correction on concentration changes. Therefore, the OD data were band-pass filtered and then converted to concentration changes. The correction method was then applied and, after a second pass to remove trials with remaining motion epochs, a block-average was performed to recover the mean HRF. 10  14  17  13  10  17  3  20  21  19  21  18  18  24  24  23  21  20  17  22  22  19  16  22  12  22  23  17  23  15  20  23  23  23  20  21  19  21  23  15  21  8  22  23  24  20  20  18  20  20  24  14  22  14  18  21  18  15  15  8  12  19  21  18  18 13 12
Metrics for comparison
Following Brigadoi et al (2014), we quantitatively compared the efficacy of each correction technique using nine metrics. The metrics were defined to provide estimates of how physiologically plausible the recovered mean HRFs are. The first, the area-under-the-curve (AUC 0-2 ) encompasses the first two seconds after the stimulus onset and it is assumed to be composed of artifacts. Therefore, smaller values for this index indicate better performance.
The second metric is the AUC 2-4 , used by Brigadoi et al. (2014) to capture the peak HRF. We also computed AUC 4-6 and AUC 4-10 to capture both the rise and peak HRF specific to our task (see Buss et al., 2014) . To quantitatively examine the effects of each of these correction techniques in the whole HRF window, we also computed AUC 0-12 . Moreover, we computed the ratio between the area under the curve of the mean HRF between 2-4s and AUC 0-2 as well as the ratio of AUC 4-6 to AUC 0-2 and the ratio of AUC 4-10 to AUC 0-2 . These assume that the hemodynamic response will start reflecting task-related functional activity within the duration of a trial, reaching the maximum between 4-10s after the stimulus onset. Thus, higher indices indicate better performance. The next metric computed was the mean standard deviation of each trial-specific hemodynamic response included in the block average by condition, which captures the variability present within subjects. This variability is assumed to be affected by motion artifacts, so higher variability indicates poorer motion correction performance. The last metric was the number of trials averaged for each subject and condition when recovering the mean HRF. All motion correction techniques were compared to each other quantitatively using each of these metrics. Furthermore, we compared the performance of each correction technique qualitatively by examining the recovered mean HRFs.
RESULTS
The data acquired during this experiment contained a variety of motion artifacts. Figure 2 shows an example of the artifacts present in one subject's data. Artifacts were generated by the participants' mouth and jaw movements when they gave verbal responses or talked spontaneously as well as by a variety of head and body movements. Not all participants had artifacts of the same type and magnitude, likely because they engaged in slightly different behaviors and had different physical characteristics. The shape and duration of the artifacts were also variable. Such individual differences are unavoidable with young children and pose a great challenge when trying to detect and remove motion artifacts using the same method across participants. The first step in the analysis was to identify channels with task-relevant HRFs. Thus, we compared the concentration of HbO and HbR and included all channels showing a significant difference (p<0.05) between these signals within the task-relevant window (0-10 s; see Buss et al., 2014) . 34 channels passed this criterion. Next, a block average time series for HbO and HbR was created by averaging data from all six conditions. The central dataset analyzed was from 34 channels and 25 participants contributing two values (HbO and HbR) for each of the nine metrics described above. The analyses were conducted in three stages described in order below. Figure 3A shows the percent of trials recovered by each technique. Three techniques --PCA, Wavelet and CBSI --did not recover a substantial number of trials after processing and thus were removed from this stage of the analysis. A mixed factor ANOVA with Technique (Spline and tPCA) as a within-subject factor and Age as a between-subject factor was computed on a channel-by-channel basis for the different metrics. For each analysis that showed an effect of Technique, we conducted post-hoc comparisons to determine which technique performed quantitatively better along that metric.
First Stage: Comparisons to Brigadoi et al. (2014)
A summary of the results is shown in Figure 3B . The figure depicts the percent of comparisons where each of the techniques performed better than its counterparts in channels where a main effect of Technique was found (p<0.05). The patterns for HbO and HbR were consistent and thus are shown summed in the figure. Overall, the three techniques performed comparably; however, the tPCA method recovered the most trials (see Figure 3A) . Thus, tPCA appears to be the most effective method for our data set based on this evaluation. Figure 4 shows examples of the recovered HRFs for the two techniques. tPCA (shown in blue) is the only technique which recovers a canonical HR. The spline technique, by contrast, shows a strong negative deflection of HbO in the latter portion of the HRF window. This was a common result for this technique: it generally yielded quite volatile shifts in the HRF across channels, with sometimes strong negative deflections. Figure 4 . Example of the recovered HRF for all three techniques at the group level (3-year-old group) for a selected channel for both HbO (solid lines) and HbR (dotted lines) with their respective error bars. In this example, tPCA is the only technique that recovers a canonical HRF.
Second Stage: Revised Parameters
Working with young children often results in far more motion epochs than in data collected from adults. Moreover, young children can only perform a handful of trials, making each trial crucially important. Therefore, it is critical to employ a set of parameters and a correction technique that recovers as many trials as possible while still decontaminating the data.
With this in mind, we set out to find a set of parameters that would provide us enough data to compare all the motion techniques. We relaxed the motion detection parameters (see Table 2 
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Spline tPCA uncorrected such that signal changes with amplitude greater than 0.4au and exceeding a threshold of 100 in change of standard deviation within 0.3s were identified as motion artifacts. Artifacts were masked for an additional 1s after the motion epochs. We then reprocessed the data and computed the same metrics as in the first stage. The percent of trials recovered by each technique is shown on Figure 5A . Wavelet, tPCA and CBSI recovered the most trials while PCA did not recover a substantial number of trials after processing and thus was removed from this stage of the analysis. This provides a stark contrast to the previous analysis where CBSI did not recover any trials.
A mixed factor ANOVA with technique (CBSI, Spline, tPCA and Wavelet) as a withinsubject factor and age as a between-subject factor was computed on a channel-by-channel basis for each of the metrics. A summary of the results is shown in Figure 5B . As in the previous section, the figure depicts the percent of times each of the techniques performed better than its counterparts in channels where a main effect of technique was found (p<0.05). The patterns for
HbO and HbR were consistent and thus are summed in the figure. Wavelet and CBSI performed best on these metrics, followed by tPCA and then Spline. Note that an additional set of analyses following the procedure from Buss et al. (2014) was implemented to explore whether removing outliers would have an effect on how these techniques perform. A technique X outlier removal ANOVA was computed for all the metrics.
Given that some of these techniques rely on the variability present in the time series, we hypothesized that removing outlier observations from the data would improve how the techniques performed. This was not the case; removing outliers did not have a significant effect on the performance of the techniques for any of the quantitative metrics. 
Third Stage: Qualitative assessment
As a last step, we conducted a qualitative assessment of the four viable candidates that emerged from the quantitative analysis-tPCA (Brigadoi and Revised Parameters) , CBSI (Revised Parameters) and Wavelet (Revised Parameters). We identified all channels showing a significant effect for any quantitative metric. Three independent coders rated the quality of the HRFs for these channels to identify channels with robust, canonical HRFs for further evaluation.
Any disagreements between the coders were discussed and resolved to arrive at the final set of Results from this assessment are summarized in Table 3 . Both versions of tPCA and CBSI were judged to have recovered canonical HRFs and emerged as the two most effective techniques. Wavelet, shown in red in figure 7 , routinely underestimated the HRF, which is reflected in the low percentages as well as the high percentage of negative ratings, particularly for data from the 3-year-old participants. Finally, tPCA-B was judged to be less effective than tPCA-RP.
DISCUSSION
Given the prevalence of motion artifacts, several recent papers have evaluated the efficacy of different motion correction techniques for fNIRS data. These comparisons have mostly relied on simulated data; less is known about how these techniques work on empirical data from cognitive tasks. Brigadoi et al. (2014) showed that Wavelet outperformed the other motion techniques in a data set from adult participants. In the present study, we used a comparable approach to examine which techniques are most effective with data from young children. This is an important contribution given that data from young children often has more motion artifact. Moreover, discarding trials due to motion is not a viable option given that participants can only complete a handful of trials.
Results showed that with the same parameters used by Brigadoi et al. (2014) , tPCA outperformed the other motion correction techniques both in the number of trials recovered and in an assessment using multiple quantitative metrics of interest. One advantage of tPCA is that it targets specific epochs where the artifacts are present . Given that motion artifacts are often distributed throughout a data collection session, this means that fewer trials are likely to be lost due to motion. In contrast, PCA, Wavelet and CBSI failed to retain many trials after processing. Spline also retained a decent number of trials; however, it yielded large negative deflections in HbO late in the HRF window.
After relaxing the motion detection parameters in a second analysis, we found that tPCA and CBSI were effective at correcting for motion artifacts. Moreover, while Wavelet recovered a sufficient number of trials and outperformed other techniques in removing variance from the data, it constantly underestimated the HRF magnitude (see Figure 7) . The wavelet algorithm has been shown to be successful in correcting motion artifacts know as spikes. Given that our data included a high number of spikes, we conclude that, in attempting to reduce the impact of these spikes, the algorithm attenuated the whole HRF. In contrast, the PCA algorithm eliminated too many trials to make it viable for our dataset, even with less stringent motion detection parameters.
CONCLUSION
Correcting motion artifacts that contaminate the signal of interest is a critical step when processing fNIRS data. To estimate the true hemodynamic response function (HRF), it is crucial that these artifacts are detected and removed. Our results showed that tPCA and CBSI outperformed 4 other techniques in terms of retaining a higher number of trials. These techniques also performed well in direct head-to-head comparisons with the other approaches using a set of quantitative metrics, and in a qualitative assessment based on HRF quality. The CBSI method corrected many of the artifacts present in our data; however, this technique is highly influenced by the parameters used to detect motion. This is consistent with previous reports suggesting that this method can be variable because it relies on assumptions that are not always met (Brigadoi et al., 2014) . The targeted PCA method, on the other hand, proved to be the most robust across changes in parameters while also performing well across all comparison metrics. This is consistent with what Yücel et al. (2014) reported when comparing tPCA, Spline, and Wavelet's performance in a data set where a synthetic hemodynamic response was introduced to a raw NIRS signal. Thus, we recommend tPCA as the method of choice for correcting motion artifacts in fNIRS data from young children.
